Abstruct-Vehicle following and its effects on traffic flow has been an active area of research. Human driving involves reaction times, delays, and human errors that affect traffic flow adversely. One way to eliminate human errors and delays in vehicle following is to replace the human driver with a computer control system and sensors.
I. INTRODUCTION
RBAN highways in most major cities are congested and U need additional capacity. Historically, capacity has been added and the congestion problem solved by building new highways. Unfortunately, adding highways is not a viable solution in many urban areas for a number of reasons: lack of suitable land, escalating construction costs, environmental considerations, etc. Because of these and other constraints, different ways to increase capacity must be found. One possible way to improve capacity is to use current highways more efficiently by removing as much human involvement as possible from the system through computer control and automation. In addition to capacity, automation may make driving and transportation in general safer, if designed properly.
The purpose of this paper is to examine the potential effects of partially automated vehicles on vehicle following in a single lane with no passing by comparing automatic and human driving responses. The automation considered is based on the so-called Autonomous Intelligent Cruise Control (AICC) or adaptive cruise control system [8] that several automobile companies are in the process of developing. In such a system, the throttle and brake are controlled by the computer, and only steering is under manual control. The sensor on board of the vehicle senses relative distance and velocity of the immediate vehicle in front, and the computer control system sends the appropriate commands to the throttle and brake .
We propose a control law for an AICC system based on a constant time headway safety distance that we calculated using a reasonable worst-case stopping scenario. We investigated the properties of the control law for automatic vehicle following in a single lane with no passing under the assumption that all vehicles in the lane are using the same automatic feature. Due to the lack of exchange of information among vehicles, vehicle following may experience oscillations and slinky effects in the responses of intervehicle spacings, velocities, and acclerations as indicated in [l] , [2] , [ll] . In our approach, slinky effects are theoretically totally eliminated, and oscillations are considerably suppressed. We considered a constant time headway separation rule that gave us an additional degree of freedom to design the AICC system to meet the specifications of no slinky effects and smaller oscillations without requiring any communication between vehicles.
Automatic vehicle following using the AICC system is compared with that of three human driver models proposed in the literature [2]- [6] . We use simulations to compare transient responses and steady state performance and their effects on traffic flow. The slinky effects, oscillations, and long settling times observed with the human driver models are non existent in automatic vehicle following. Automatic vehicle following leads to smoother traffic flows and larger traffic flow rates due to the shorter inter-vehicle safety spacings used and the elimination of human delays and large reaction times. We simulated several emergency situations that included emergency stopping, cut-in, and exiting cases. During emergency stopping, the lead vehicle was assumed to decelerate with maximum deceleration of about 0.8 g, until it came to a full stop from 60 m.p.h (26.67 m/s). In this case, all vehicles followed the stopping maneuver and came to a full stop without collision. Cut-in situations where a vehicle under manual control cuts between vehicles under automatic control were also simulated, and the situations where collisions are possible are identified.
The paper is organized as follows: In Section I1 three human driver models that have been proposed in literature are reviewed. The safety distance policy, vehicle model, and longitudinal control laws proposed are given in Section 111. In Sections IV and V the results of a series of simulations performed using a digital computer are presented and discussed. Some concluding remarks are given in Section VI.
MANUAL VEHICLE FOLLOWING
Driver behavior in vehicle following has been an active area of research since the early 50's [2]- [6] . In vehicle following, the human driver acts as a controller. He senses velocities, distances, and accelerations and decides about control actions accordingly. In order to study these human control actions and their interaction with the vehicle dynamics, several investigators consider the development of mathematical models that mimic human driver behavior. The structure of one such mathematical model that was studied in literature is shown in Fig. 1 .
Using the structure of Fig. 1 , several investigators came up with mathematical equations that describe the input-output properties of each block in Fig. 1 , leading to several human driver models described in the following subsections. These models are based on vehicle following in a single lane with passing.
A. Linear Follow-the-Leader Model
This model is based on vehicle-following theory, which pertains to single-lane dense traffic with no passing and assumes that each driver reacts in some specific fashion to a stimulus from the vehicle or vehicles ahead of him. The stimulus is the velocity difference, and the driver's response is an acceleration command to the vehicle. The block diagram of this model is shown in Fig. 2 . Pipes first proposed this model in [4] . The dynamics of the vehicle are modeled by an integrator and the driver's central processing and neuromuscular dynamics by a constant. Chandler [5] used vehicle-following data to validate this model at the General Motors technical center. They showed experimentally that the reaction time was approximately 1.5 s and the constant gain 
B. Linear Optimal Control Model
In [6] it is assumed that the human driver mimics a linear optimal controller in performing vehicle following. The optimal controller is based on a quadratic cost function that penalizes the weighted sum of the square of the intervehicle spacing and the square of the relative velocity. Since these weights differ from driver to driver and are, therefore, unknown, this optimal control approach can only be used to come up with the structure of the controller the human driver mimics. Another drawback of this approach is that it omits the driver's reaction time, the neuromuscular dynamics, and nonlinearities of the vehicle dynamics. For these reasons Burnham [2] , [3] first modified the optimal controller structure by introducing the effects of the reaction time and vehicle nonlinearities and then estimated the unknown parameters and controller gains using real traffic data. The resulting model is shown in Fig. 3 . The vehicle dynamics are modeled as
where VF is the velocity of the vehicle in m/s; u(t) is the accleration command in m / s e c 2 ; p is a coefficient related to mechanical drag in sec-l;P is a coefficient that depends on the aerodynamic drag in mP1;7 is the reaction time in sec.
The initial condition ( S L -S,)(O) for the integrator in Fig.   3 represents the initial relative distance between the leading and following vehicle. In our simulations in Section IV, this distance is taken to be equal to one vehicle length plus some desired inter-vehicle spacing measured from the rear of the leading to the front of the following vehicle.
C. Look-Ahead-Model
This model [2], [3] is postulated on the hypothesis that the human driver observes the behavior of three vehicles directly ahead of him. The block diagram of this model is shown in Fig. 4 . The switching logic operates to determine a majority direction of acceleration and then actuates the modeswitch accordingly. If the majority direction is the same as that of the first lead vehicle, it switches to position 1, (see 
AUTOMATED~EHICLE CONTROL
The human driver models considered in the previous section try to mimic the control actions of the driver with a certain controller. This controller is rather simple and consists of a delay that models the human driver reaction time. All models considered assume a simple model for the vehicle dynamics. This is not surprising, since most drivers treat the vehicle as a constant gain or at most as a first-order system with simple nonlinearities.
The human driver controller can be replaced with a more sophisticated one that is based on a more realistic model of vehicle dynamics and driven by a computer and physical sensors. Computer control will eliminate human reaction time, be more accurate, and be capable of achieving much better performance. Better performance will translate into smoother traffic flows, improved flowrate, less pollution, and safer driving.
A. Safety Distance Policy
The inter-vehicle distance dictated by the California rule is about a vehicle length for every 10 mph. For example, for an average vehicle length of about 15 ft. (i.e. about 4.5 meters), at 40 mph the safety distance is about 18 meters, and at 60 mph is about 27 meters. This safety distance policy takes into account the human driver reaction time in a rather conservative manner.
T"i ... i;-I With automation and good sensors, the human reaction time can be eliminated, and the safety distance between vehicles can be reduced considerably. In this section, we develop a safety distance policy that we employ in automatic vehicle following to be considered in the next section as follows: We consider an arbitrary vehicle-following situation, where the lead and following vehicle have the same acceleration and jerk constraints. For safe operation, we require the following vehicle to maintain sufficient safety distance throughout all maneuvers in order to avoid impact when the front vehicle suddenly executes a stop maneuver. The safety distance policy for each vehicle i is defined as Where Smz is the minimum separation distance that the following vehicle should keep from the lead vehicle in order to avoid collision under some extreme stop situations. Sat is an additional gap for improved safety margins. The distance s d , , is, therefore, defined as the rear-to-front desired vehicle spacing. One extreme stopping situation is the one where the lead vehicle is assumed to be at full negative acceleration (-Amax) while the following vehicle is at fully positive acceleration (amax) at the instant the stop maneuver commences (i.e. at t = to, say). We assume that the maximum allowable (1)
where vz-l,v, are the velocities of the lead and following vehicle respectively at t = t o , and T is the time required to detect the onset of the stopping maneuver initiated by the lead vehicle. In the human driver, model T depends on the human reaction time, whereas in the automatic case, T represents sensor communication delays due to sampling, etc. Using (1) the expression for the safety distance policy becomes
for some constants X1, X2, X3. For tight vehicle following (Le. w, is close to v,-1) expression (2) becomes
The safety distance rule ( 
B. Automatic Vehicle Following 1) VehicleModel:
In this report, we adopt the following model for the i t h vehicle in a platoon of vehicles in a lane proposed in [l] .
The configuration of a platoon of n vehicles is shown in
In Fig.6 Fig 
2) Autonomous Intelligent Cruise Control Law:
In an AICC system each vehicle is assumed to be able to measure IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. the relative distance and relative velocity between itself and the immediate front vehicle in addition to its own velocity and acceleration. Based on these measurements and the safety distance rule s d % = A2wz + So, and motivated from the results of [l] which were developed for constant spacing, i.e. S d , ( t ) = As, we propose the following control law:
where and Cp, C,, K,, K , are design constants. Using (7) in (4) human model ----optimal control modcl (n=20) 4 3. In order to avoid slinky-type effects [l, 2, 111 we require IG(jw)l < 1 for all w > 0. 4 . In order to avoid an oscillatory behavior in &(t) [l] we require the impulse response g ( t ) of G ( s ) to satisfy
It is clear from (11) that the stability Constraint 1 can be easily achieved by choosing the various constants. Constraint 2 is also satisfied by choosing K, = 0. Constraint 3 requires IG(jw)l < 1 for all w > 0 in order to avoid the slinkytype effects. The slinky-type phenomenon is well known in vehicle following without feedfonvard information in the case of human driver models [2] and automatic vehicle following with constant spacing [l] . The lack of information about the actions of the lead vehicle causes a disturbance amplification in the values of deviation Si; velocities, and accelerations of the following vehicles.
The significance of our approach lies in the ability to eliminate the slinky phenomenon by using the constant time headway safety rule. This rule provides the additional freedom that allows us to achieve IG(jw)l < 1 for all w > 0 by designing the control system appropriately as explained below in (13), shown at the bottom of the page.
We require lG(jw)12 =
Choosing K, = 0 and substituting it into (13), we obtain the following inequality:
For constant spacing separation policy (Le., A2 = 0), the inequality (14) reduces to w4 + (Ki -2C,)w2 + 2K,C, > 0; Vw > 0. 
To ensure closed loop stability, C, should be chosen positive, and K , should be chosen negative. Therefore, the term In a practical situation, the design considerations 1 to 4 should be augmented with another one that limits the maximum acceleration, deceleration, and jerk, in order to achieve riding comfort. Without these constraints, the control law may produce high control power in situations where large position or velocity errors are present. High power control may make riding uncomfortable and jerky. In this paper, we have not addressed these situations, and, therefore, we didn't consider this problem. This problem, however, is addressed and resolved in [12], [16] .
Remark 2: The choice of the control law in (7) follows directly from the theory of feedback linearization [15] where one part of the control action is used to cancel the nonlinearities, and the other part is used to assign the eigenvalues of the resulting linear system. We also assume that the maximum acceleration, maximum jerk (accelerating), maximum deceleration, and maximum jerk (decelerating) are 4 m/s2, 3 m/s3, 8.0 m/s2 and -75 m/s3, respectively. The desired spacing for the human driving in optimal control model is assumed to be 1.5 m. Using the same constants as in [1], we assume that the mass of the first n vehicles is 2000 kg, and the mass of the other n vehicles is 1800 kg; the aerodynamic drag coefficient of the first n vehicle is 0.51 kg/m and 0.45 kg/m for the other n vehicles. The mechanical drag for all 2n vehicles is assumed to be 4 kg m/s2, and engine time constant are 0.25 s and 0.3 s for the first n and the rest of the vehicles, respectively. We perform the following tests:
Test 1: Transient Behavior:
We assume that the lead accelerates from 0 speed to 30 mph (13.4 m/s) and n is equal to 10. The velocity and acceleration responses versus time of the human driver models are shown in Figs. 9-11 . The slinky effects and oscillations are very pronounced in the Pipes model. The optimal control model shows no slinky effect but small initial oscillations and large transience in acceleration of some of the vehicles. The lookahead model, due to the feedforward information it assumes, shows no slinky effects or oscillations and does not experience large accelerations. The steady state is reached after 120 s in the case of Pipe's model, in about 40 s in the case of the optimal model, and in about 160 s in the look-ahead model. As a result, the traffic flow measured in number of vehicles/hour varies among the human driver models as shown in Fig. 13 . The response of the automatic vehicle following is shown in Fig. 12 In this test, we examine the effect of human driver and automatic vehicle following on the traffic flow rate at different steady state speeds. We assume n is 10. The results of the simulations are shown in Fig. 14 . It is clear that automatic vehicle following leads to much higher traffic flow rates due to the smaller inter-vehicle spacings. However, even with the California rule spacing, an improvement of 12% over the best human driver model is achieved due to the elimination of human delays and slow reaction time. We should emphasize that these results are obtained for vehicles in a single lane with no passing. In the case of multiple lanes with lane changing, the results shown in 
Test 4: Robustness With Respect to Sensor Measurements:
In this test, we examined the effect of sampled sensor measurements on the performance of the AICC. We assumed that a radar sensor is used for relative distance and relative velocity measurements, providing information at a rate of 10 Hz, 5 Hz, or 3.33 Hz; i.e., it has a sampling period of 0.1 s, 0.2 s, or 0.3 s. We used this sampling rate to repeat test 3, the emergency stopping case. The results are shown in Fig. 17 . It is clear that the control law and safety distance rule used are robust with respect to the sensor sampling rate of 10 Hz, 5 Hz and 3.3 Hz.
Test 5: Cut-in Situation: An important emergency situation pointed out by several researchers from the automobile industry [14] is the cut-in situation. In this case, a vehicle that is manually driven cuts between a number of vehicles which are automatically driven us- ........................................................... ........................................................... ...........................................................   2 ........................................................... ...........................................................   OO -........................................................... 1.5 2 5 . 19. Dotted region is where collision will take place between cut-in vehicle and vehicle in front.
ing the AICC. The intention of the cut-in vehicle is to join the string of vehicles already operating on AICC and switch from manual to AICC mode. The purpose of this test is to examine various cut-in situations and find the conditions under which collisions can be avoided. It is clear that if the cut-in vehicle violates the safety distance rule, then collision cannot be avoided under some situations of rapid accelerations or decelerations of the various vehicles involved. We consider the following situation: The lead vehicle accelerates from 0 to 30 m/s, keeps a constant speed of 30 m/s for awhile, and then decelerates to 15 m/s as shown in Fig. 18 . We assume that the total number of vehicles is six, and the cut-in vehicle cuts in between the second vehicle and the following one. The cut-in vehicle switches to the AICC mode as soon as it cuts in with some delay. We assume that the velocity of the cut-in vehicle is initially higher than that of the vehicles on the AICC mode. We consider the following three cases: The cut-in vehicle cuts in when (1) vehicles on AICC are accelerating, (2) vehicles on AICC are at constant speed, and (3) vehicles on AICC are decelerating. In each of the above cases, we assume two subcases. In the first one, the cut-in vehicle has a higher velocity and acceleration than the vehicle behind, and in the second subcase, the cut-in vehicle has a higher velocity but lower acceleration than the vehicle behind. The cut-in times are t = 10 s (case (1) above), t = 20 s (case (2) above) and t = 32 s (case (3) above). We define the front cut-in distance as the spacing between the cut-in vehicle and the vehicle in front and the rear cut-in distance as the spacing between the cut-in vehicle and the vehicle behind.
The simulation results are shown in Fig. 19 to 21. The curves show the response versus time delay for switching to the AICC mode at various different initial accelerations of the cut-in vehicle, whose initial velocity is 5 mph higher than that of the vehicle behind. The dotted region is the region where the cut-in vehicle will collide with the vehicle in front. Our results show that no collision will take place between the cut-in vehicle and the vehicle behind under the conditions considered. This is due to the fact that the initial velocity of the cut-in vehicle is assumed to be 5 mph higher than that of the vehicle behind (a reasonable assumption) which implies that the safety distance rule becomes satisfied in a very short interval of time. Collisions, however, will occur between the cut-in vehicle and vehicle in front depending on the cut-in distance and time delay of switching to the AICC mode as shown by the dotted region of Figs. 19-21 . Further tests and analysis are necessary in order to understand and quantify all possible collision cases.
Test 6: Exit from the AICC Mode:
In this case, we simulated the situation where a vehicle terminates automatic vehicle following by exiting to a lane with manual vehicle following. The exit operation is simulated to take place at t = 8 s when vehicles are in an accelerating mode as shown in Fig. 22 . Seven vehicles are simulated, and the third vehicle is assumed to exit the automatic lane. As shown in Fig. 22 , the exiting vehicle causes some change in the inter-vehicle spacing that is soon accommodated by the following vehicles.
V. CONCLUSION
The focus of this study was on vehicle following in a single lane under the assumption that all vehicles use a proposed autonomous intelligent cruise control system (AICC) to do vehicle following. Automatic vehicle following is compared with a manual one modeled by three different human driver models proposed in literature. This comparison indicates a strong potential for AICC to smooth traffic flows and increase traffic flow rates considerably if designed and implemented properly. Several emergency situations were simulated and used to demonstrate that the AICC proposed may lead to much safer driving.
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